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Abstract 
Peri-urban space and agricultural activities have proven to be critical in supplying urban 

population with healthy and proximate food. The special characteristics of peri-urban areas are 

a challenging parameter to consider when it comes to planning policies and strategies. As urban 

growth has historically proven to affect agricultural peri-urban areas it is important to assess its 

potential impacts and evaluate certain policies and plans.      

Scenario-based, urban growth simulation models are widely used to test policies and plans for 

exploring potential impacts of future changes. Cellular Automata (CA) models are popular 

amongst others in modelling urban growth and land use and landcover changes, due to their 

ability to mimic complex real-world phenomena and interactions in an inherently spatial 

manner with simplicity and controllability. Furthermore, they are commonly used with 

Geographic Information Systems (GIS) and Remote Sensing (RS) data  

This study uses the SLEUTH urban growth model (UGM) to simulate urban growth in the 

metropolitan region of Attica Greece under two scenarios of change towards 2050, to assess 

the total potential crop production loss of 12 selected crop classes. The scenarios implemented 

are based on policies mentioned in the Master Plans of Athens (former and newer version) for 

protecting and enhancing peri-urban space and agricultural areas. The business-as-usual BAU 

scenario represents current growth trends, while the agriculture-preservation APR scenario 

implements restrictive to urbanization measures on agricultural areas and a zoning system to 

preserve harvested area and production. Using SLEUTH’s outputs together with crop spatial 

data, both scenarios are assessed and examined. 

 

Keywords: Urban-growth-modelling, SLEUTH, Cellular-Automata scenario-based modelling, 

peri-urban agriculture, crop production, food security, Geographic Information Systems, 

regional planning, urban planning 
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1 Introduction 
Urban growth historically affects agricultural peri-urban and rural areas, causing direct or 

indirect pressures which can lead to potential environmental degradation and socio-economic 

challenges (García-Nieto, et. al. 2018). Urban and peri-urban agriculture has been defined by 

Van Veenhuizen & Danso, 2007 as “the growing of plants and the raising of animals for food 

and other uses within and around cities and towns, and related activities such as the production 

and delivery of inputs, processing and marketing of products”. Moreover, it is believed that it 

can positively affect food security, local and national economy and the maintenance of 

landscape and biodiversity (Van Venhuizen et.al., 2007). According to Cecchini et.al., 2019, 

peri-urban cropland areas and tree crops have been considered for a long time, as “land waiting 

for urbanization” The worldwide swift towards sustainability and natural resources preservation 

has given peri-urban agricultural areas and tree crops a new meaning, especially in terms of the 

spreading demand of fresh and proximal food by urban population (Cecchini et.al., 2019). Peri-

urban agriculture contributes in the development of local food systems, creates new support 

networks and can shape healthier dietary habits for urban dwellers with a positive 

environmental impact. In addition, it provides labour and housing opportunities (El Bilali et.al., 

2013). Moreover, peri-urban areas provide products and high-value goods at minimum 

transportation costs, both financial and environmental (Moissidis & Duquenne, 1997). 

Follmann, et.al. 2020 underline that the continues urban growth and conversion of fertile 

agricultural land into built-up areas is a key challenge for food security and sustainability of 

urban and peri-urban areas. 

As the process of urbanization continues, it is important to model and project urban sprawl 

patterns to estimate potential consequences and develop sustainable plans and strategies at 

different spatial scales  (Jat et.al., 2008). Numerous of models have been developed to examine 

urban growth and LULC changes from different views and approaches such as Cellular 

Automata (CA), Artificial Neural Networks (ANN), fractal, linear or logistic, agent based, 

decision trees, etc (Santé et.al.2010, Berling-Wolff & Wu, 2004, Chen & Lin, 2009, López et. 

al., 2001, Rajan & Shibasaki, 2001 Shafizadeh-Moghadam et.al., 2017). Among those, CA 

models have been widely used as they are able to capture bottom-up phenomena successfully 

relying on neighborhood operations on defined grid cells (Triantakonstantis & Mountrakis, 

2012, Syphard et.al., 2005, Musa et. al., 2017). CA have grown popular in urban growth 

modelling as they are easy to integrate with Geographic Information Systems (GIS) and able to 

incorporate spatio-temporal dimensions of urban growth processes with simplicity, flexibility 

and controllability (Yeh et.al., 2021). 

1.1 Problem statement 
There is evidence that urban areas tend to expand on the most productive soils, which is critical 

for agricultural activities and food production (Gardi et.al., 2015). The conversion of arable 

land into built-up areas creates indirect pressures in other locations too, as agricultural areas are 

forced to relocate elsewhere in a usually less productive soil (Cecchini et.al., 2019, Gardi et.al., 

2015, d’Amour et.al., 2017, Martellozzo et.al 2018). 

Plonka & Sroka, 2021, mention in their study that, peri-urban agriculture (PUA) areas can be 

sustained only if they are included in the regional and urban planning processes and policies. 

Furthermore, they outline that among different policies and tools that are nowadays 

implemented in many developed countries such as France, Canada, USA and Great Britain, 

zoning policies and agricultural buffers are of great importance. As Sarker et.al.2019 mention, 

incorporating urban (PUA) policies into spatial planning processes can minimize different 

threats to food supply in metropolitan areas which are related with climate change, land 

availability, water, oil, etc., as well as enhance regional economies. Thus, food production 

should be considered as an urban development concern, as functional food urban systems are 
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an important component of sustainable development. Furthermore, Sarker et.al.2019 notice that 

urban planning in recent decades does not consider production systems, as a consequence of 

the swift from local to global production.  

1.2 Research Aim 
This study aims to simulate future urban growth in Attica region Greece, to assess the potential 

production loss due to urban expansion towards 2050 under two scenarios of change: a 

business-as-usual scenario (BAU) and an agriculture preservation scenario (APR). Hereto, a 

CA model of urban growth will be applied. The BAU scenario will project future changes, 

assuming the growth continues based on current trends. The APR scenario will simulate based 

on the implementation of sustainability policies and plans. Furthermore, agricultural areas are 

going to be examined together with crop data from different sources, to quantify the actual crop 

production and estimate potential future changes. The outcome of this study will provide a 

method for quantifying the impact of urban growth on crop production and harvested area in a 

temporally dynamic and spatially explicit way. The results can provide assistance to the 

responsible authorities, which can implement policies and plans for securing the annual crop 

production, control urban growth and ensure the future sustainability of the region.  

1.3 Research questions 
The main research question is: 

➢ What is the impact of future urban growth in the Attica region up to 2050 on the 

potential total production of different crops under two scenarios of change: a business-

as-usual scenario (BAU) and an agriculture preservation scenario (APR)? 

The sub-questions arising are: 

1. What are the drivers of change and how can spatial strategies and policies be integrated 

into an UGM? 

2. What measures can be taken to protect and enhance peri-urban agriculture? 

1.4 Limitations 
This work will focus mainly on the expansion of built-up areas over agricultural without 

considering other LULC changes. Thus, the model will not estimate crop production loss as a 

result of other LULC changes. An important limitation to mention is the fact that due to lack of 

data, a global dataset for actual yield and harvested area provided the information about the 

crop production in the research area. Therefore, the data have lower spatial resolution, while 

having high statistical accuracy. Furthermore, both the estimation of potential yield and 

harvested area changes, is not included in this research and thus the latest available data will be 

used for future simulations.  

2 Theoretical Background 

2.1 Urbanization and urban growth  
Urban growth is considered to be one of the most significant anthropogenic alterations of 

landscape (Patra et.al. 2018). Urban growth and LULC change are proceeding with higher rates 

in developing than in developed countries (Mohan et.al., 2011). In 2017, 4.1 billion people 

lived in urban areas and it is projected that by 2050 this number is going to increase up to 6.7 

billion, representing the 67% of the global population which is expected to reach up to 9.8 

billion. The term “urbanization” is widely used to describe the transition of people from rural 

into urban areas (Ritchie & Roser, 2018). Nowadays, more than half of the global population 

lives in urban areas, while this rate is estimated at 85% for the European countries (Ritchie & 

Roser, 2018). Urban growth on the other hand is the growth that intensifies the use of land for 

the construction of buildings and artificial surfaces. Urbanization is mainly expressed through 
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urban growth, which can appear as a result of population growth, rural to urban migration and 

reclassification of urban and rural system (Hope, 1998). Across the Mediterranean basin peri-

urban areas, sea coasts and lowlands have the highest population growth (Zitti, et.al.,2018). It 

is estimated that one third of the total population in the Mediterranean basin, is concentrated 

near coastal areas. The coastal population on those areas grew for more than 50% between 1980 

and 2005 reaching up to around 150 million and it is projected to reach 200 million by 2030 

(UNEPMAP QSR, 2021). 

2.2 Peri-Urban space and agriculture 
As mentioned before PUA involves by its definition activities related to food production near 

or inside the urban fringe. Whether peri-urban agriculture is considered similar with urban 

agriculture has been debated in terms of population densities and urban area patterns. Opitz et. 

al. 2016 describes peri-urban agriculture as a residual form of agricultural activities around the 

urban fringe of growing cities. Those areas are described as transition zones between the rural 

and urban district, where population and built-up densities are lower than inside the city. 

Although, those areas suffer from urban pressures, they also benefit due to the proximity with 

the urban fringe, market and culture. In developed countries these areas often consist of mixed 

land uses of urban and rural activities. Those vary from residential housing, small to medium 

scale agricultural activities (e.g.  horticulture and semi-rural uses such as practice fields or a 

horse-riding camp (Wynne et. al 2016). According to Wynne et. al 2016 peri-urban areas have 

a critical role in providing healthy food to urban populations, especially when it comes to 

perishable food such as vegetables, eggs, fruits etc. It is also mentioned that those areas require 

a special attention, when it comes to planning processes, due to their characteristics, which 

discriminate them from both urban and rural systems. Moreover, it is underlined that planning 

mechanisms often are insufficient in protecting land uses such as agricultural production.  

2.3 Managing peri-urban space 
Shaw et.al., 2020 on their extended review on scientific literature on the peri-urbanization 

process in Europe have found that, due to their multifaced character peri-urban areas cannot be 

examined under a generic approach, but require a multidimensional approach to address both 

their spatial and socio-economic aspects, including all stakeholders involved in the planning 

process. According to the European Environmental Agency (EEA) the most significant drivers 

of artificial surface expansion on open areas are related to development. Those are: 1) housing 

services and recreation, 2) transport infrastructure, 3) industrial and commercial sites 4) 

construction sites, 5) dumping sites, mines and quarries (EEA, 2019).  Spyra et.al (2021) refer 

to six examples of regional policy making for protecting peri-urban open space at a regional 

level. It is found that often policy making at a regional level is either rural or urban oriented in 

terms of actions and strategies, while ignoring undervalued open space. Furthermore, they refer 

to several policy instruments that were assessed during their research and found applicable 

based on both qualitative and quantitative findings. Some of those are : 

▪ Promotion of compact settlement structures 

▪ Encouraging the development of Natura2000 areas and other similar areas 

▪ Long term sustainable governance methods based on supportive government 

environment 

Other important findings indicate that policy improvements suggested for protecting peri-urban 

space, are related with changing the existing land use zoning systems, creating green corridors, 

developing sustainable activities, promoting the awareness of ecosystem services and their 

protection and others. In relation to that, the European Observation Network for Territorial 

Development and Cohesion (ESPON) describes in its main report several densification, 

regeneration and containment interventions for promoting sustainable urbanization and 
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development (SUPER, 2020). Those include a total of 11 separate interventions on different 

countries. Some of those that have been found relevant are : 

▪ The “Huerta de Valencia Spatial Plan” (2018) in Spain, which enhanced the protection 

of traditional Huerta (vegetable cultivations) by combining the protection of rural areas 

with support for agricultural activities 

▪ The “Stockholm Urban Containment Strategy” (2017) in Sweden, which focused on 

controlling urban expansion by adopting a comprehensive perspective that gives 

attention to all sustainable development pillars, namely economic, social and 

ecological. This strategy gives special attention to rural land and the provision of 

affordable housing. 

▪ The “Sustainable urbanization procedure” or Ladder Dutch strategy (2014), which is a 

rule that enable urban expansion on all zoning plans after arguing about its importance 

and examines the optimal solution, if the selected developed area is a greenfield and 

can be relocated elsewhere. Citizens can challenge those development plans in court. 

A common characteristic found in several of those interventions, was the implementation of 

zoning criteria and a bottom-up approach, in terms of planning and policy making, where 

different aspects of the peri-urban space are examined. 

2.3.1 The Master Plans of Athens 

The urban expansion patterns in the metropolitan region of Athens have significantly changed 

since the postwar development from compact, to uncontrolled sprawl, polycentricism and 

nowadays a more regulated by planning policies system (Asprogerakas, 2016, Zitti, et.al.,2018, 

Colantoni et.al., 2016). Spatial planning system in Greece consists of numerous laws and 

regulations, which are not efficiently monitored and control. As a result, the spatial planning 

system responds slowly to changing circumstances. Out of these the Athens Master Plan , 

known as the Regulatory (or Strategic) Plan of Athens (RSA) describes both visually (with 

maps) and with an extended report all physical planning structures of the production sector, the 

transportation system, the technical infrastructure, as well as of the land and residence policy 

for the metropolitan region. Furthermore, it encompasses plans and policies for areas of special 

interest or special problems and it plays a coordinating role in development projects and studies 

related to the spatial planning.  

There are two versions of RSA: 1) the former version, which was enacted initially in 1985 with 

Law 1515/1985 (Greek Government, 1985) and lasted until 2014 after many revisions, and the 

newer version for 2015-2020 (Asprogerakas, 2016). The main strategic objectives applied to 

both of these Master Plans are : a) balanced economic development and strengthening of the 

international role of Athens, b) sustainable spatial development, effective protection of the 

environment and cultural heritage and adaptation to climate change, and c) improvement of the 

quality of life by balancing the distribution of resources and the benefits of development. In 

practice though, both the former and the newer plan have shown deviations during 

implementation and bypassing phenomena were noticed. For example, during the preparations 

for the Olympic projects, major contradicting transformations of the urban fringe occurred, 

opposing to the regulations of the former Master Plan that further promoted urban sprawl. The 

new RSA directs towards the “compact city” as the main policy tool, aiming of climate change 

adaptation and ecological footprint reduction through lower planning levels (Asprogerakas, 

2016). 

The new RSA makes an extensive report on measures to be taken for urban expansion areas in 

Law 4277/2014, Chapter 4, Article 12 (Greek government, 2014). It is strongly oriented 

towards the “compact city” approach and this particular article outlines how new urban 

expansion areas are examined and developed. The policies are setting a clear restriction in 
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diffusive growth and irregulated building (constructions outside the predefined urban extend 

from “Local Spatial Plans”), allowing the urban expansion only on areas, which are integrated 

into Local Spatial Plans (former municipality level Urban Plans) and underwent all the 

appropriate controls. Furthermore, the importance of the peri-urban area protection as a “vital” 

parameter of sustainable development, ecological balance and quality of life for the residents 

of Attica region, is underlined. The protection from urban sprawl phenomena should be 

regulated by urban spatial plans and building coefficients (coefficients that derive after research 

and act as a multiplier on defined surfaces for building activities, to indicate the maximum 

allowed surface and height of new buildings). 

In addition to the abovementioned, in Chapter 5 of the Law 4277 (Greek government, 2014), 

the new RSA refers in detail on protection policies and measures to be taken for protecting the 

environment and biodiversity of the region, adapting to the problems of the climatic change. 

Forests and areas of high ecological value are protected strictly and land-use changes in those 

areas are not allowed. Moreover, the land uses of high productivity agricultural areas are not 

allowed to change, with the exception of cases of national interest. The agricultural land is 

referred as an important environmental and production resource and thus a zoning system based 

on the land-productivity is being implemented under the cooperation of three ministries. 

Since Greece became a member of the European Union, there has been a constant effort to 

adopt European policies and regulations on development processes and spatial planning. 

Although many times in the past the practical implementation of Master Plans has shown 

deviations from the strategic goals set, it can be concluded that the metropolitan region of 

Athens has a regulated regional strategy, which is bottom-up oriented. As Asprogerakas, 2016 

also underlines, Master Plans have a regulatory character and therefore they often don’t meet 

their goals as policy and planning processes tend to take a lot of time and undergo many changes 

until they are finally implemented. Although both of the Athens Master Plans outlined the need 

for the revision of Local Spatial Plans (e.g. General Urban Plans) of the municipalities in Attica, 

only recently have those plans been finalized in their majority. It can be concluded that although 

urban planning in Greece is traditionally weak (Asprogerakas, 2016), urban expansion is 

expected to continue in a regulated way with visible informalities. 

2.4 Cellular Automata Modelling 
Cellular automata (CA) are spatially and temporally discrete, abstract computational 

systems (Fransesco & Tagliabue, 2021). In a CA, a sub portion of the natural world is 

represented by a two-dimensional grid of cells. Cells are the smallest units within the system 

that display characteristics of adjacency or proximity. Each cell is characterized by its state, 

with all cells and their states being updated at frequent predefined intervals, commonly referred 

to as time steps (Fransesco & Tagliabue, 2021). Ilachinski (2001) pinpoints the five 

characteristics that, independently of each CAs specific purpose and unique configuration, are 

ever present within such a model. These are:  

▪ The CA consists of a discrete n-dimensional lattice of cells. 

▪ Cells exhibit homogeneity. 

▪ Each cell takes on one of a finite number of predetermined states. 

▪ Each cell can alter its own state based on itself and its neighbors 

▪ Cells update their states according to a rule or a set of rules that take into account the 

aforementioned defined neighbors  

The degree of success and popularity CA have achieved as a modeling and simulation tool is 

widely accredited to their ability to mimic complex real-world phenomena and interactions in 

an inherently spatial manner while maintaining a conceptually simple structure and design 

(Coulthard & Van De Wiel, 2013). The wide usage of such models to explain geographic 
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phenomena results in continuous improvements and refinements to their design and 

implementation. Since the conception of CA, the earliest studies of which are largely accredited 

to John von Neumann in the late 1940s, continuous efforts have been made to refine CA, expand 

their capabilities and apply them in numerous fields of study. Several researchers (Kyparissas 

& Dollas, 2019, Zhang & Wang, 2021, Zaitsev, 2017) have proposed innovative and efficient 

ways in which one can expand the local neighborhood that affects a cell’s state within a CA, 

allowing for more refined predictions that take into account interactions and rules of a more 

globally oriented nature. Earlier applications of CA usually focused on ecological theory and 

species interactions and behavior. 

Study case examples include Caswell & Etter (1993) who aimed to identify the advantages of 

using CA as opposed to traditional competition and predation models when trying to simulate 

species behavior in a study area, Hogeweg (1988) who looked at the possibilities of utilizing 

CA functionalities to model the expansion of vegetation, and Chen et. al. (2002) who designed 

a CA to qualitatively and quantitatively model and assess underwater species growth in a Lake 

environment. As is true for all models and methodological frameworks linked to GIS and 

remote sensing technologies, the development of CA is greatly affected by advancements in 

soft- hard- and data ware, as well as improvements and refinements in conceptual models and 

theoretical foundations.  

Development of new application is at the moment quite vibrant, with new cellular automata 

models being designed for an immense variety of phenomena of geographic interest, with a 

simultaneous growth in their utilization as a testing ground for  theory, practice, policy and 

prediction (Torrens, 2009). Land use change modeling, quantification and simulation is an 

exceptionally fertile ground for the use of CA. Li and Gong 2016, mention about the wide use 

of Cellular Automata Urban Growth Models (CA-UGM) thanks to its simplicity, flexibility and 

intuitiveness. Some commonly used examples are mentioned such as the logistic-CA model, 

the Slope, Land cover, Excluded, Urban, Transportation and hill shade layer (SLEUTH) model 

and the neural network model. Scenario-based prediction CA models is believed to be one of 

the most promising applications in spatial planning and has been applied to simulate policy 

implementation (Feng et.al., 2019). 

2.5 Cellular Automata and LULC change 
CA-UGM are able to simulate and forecast LULC changes, as they assume that past trends of 

urban growth will affect future development, triggered by local and regional interactions 

(Aburas et.al., 2016). Several land use change and regional planning researchers have used CA, 

on its own or in combination with other modelling frameworks. Yang et. al. (2012) combined 

an ant colony optimization (ACO) probabilistic algorithm with Markov chains and CA models. 

ACO and CA were integrated in order to manage the spatial distribution of land use change and 

take into account the natural and socioeconomic factors driving it, while Markov chain analysis 

was employed to make long term forecasts. In Abdullahi’s and Pradhan’s work (2018) the 

merits of combining CA and weights-of-evidence functionalities to assist urban planning were 

outlined. The model designed proved highly effective in adhering to existing real world land 

use trends in the study area in a dynamic and spatially explicit manner, with the resulting 

prediction maps proving to be highly reliable compared to similar maps created by expert 

knowledge. Combining CA and artificial neural networks, Islam et. al. (2018) modelled and 

predicted changes in vegetation within a wildlife sanctuary, identifying slope, elevation and 

distance from the road and water networks as some of the main driving factors for the loss of 

vegetated land. To model land use, change efficiently and define the most prevalent amongst 

conflicting driving factors affecting the phenomenon, Feng and Tong (2017) used regression 

methods to accurately identify the most statistically significant driving factors to be taken into 
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account when designing their CA. This allowed them to tackle multicollinearity issues and 

arrive at results that were free of data redundancy.  

All aforementioned research cases took advantage of the conceptually simple principles of CA. 

A cell’s state is converted based on a predefined set of rules. In the case of land use change CA, 

cells are converted according to the ultimate potential of the modelled area, the spatial and 

socioeconomic suitability of each land use at any given cell and the overall influence of 

surrounding land uses. General (global) rules can also be applied to all cells within the model’s 

grid. By adjusting the extent of the local neighborhood as perceived by the model, researchers 

can extend the area of effect of all implemented rules or parameters.   

Nevertheless, shortcomings in the performance and accuracy of CA land use change models 

can also be identified. Hu et. al. (2018) place the emphasis on the high dependency of a CA 

model’s accuracy on the weight value of spatial variables, thus making it hard to explicitly 

account for complex spatially autocorrelated parameters. Regarding the need to simultaneously 

simulate past and future changes, Yang et. al. (2016) mention the complicacies arising from 

trying to account for past trends while at the same time predicting future developments. This is 

further emphasized by Kyparissas and Dollas (2020), who identify the need to design the 

optimal framework so as to configure a cell’s state to depend also on its state in previous 

generations, by expanding a system and storing in every cell information from previous states. 

Finally, Pan et. al. (2010) look into the different aspects that represent scale in a CA (i.e. spatial 

extent, cell size and neighbourhood size) and the influence they have on each model’s results, 

and emphasizing the negative impact different combinations of these aspects can have on a 

model’s accuracy. For instance, changing the neighborhood shape (from scope to ring) and size 

(e.g. from 7x7 to 9x9) resulted in a significant shift in the model’s accuracy. Based on the 

above, it is made evident, that CA land use change models need to be assessed, in terms of input 

datasets, procedures and results, so as to report the quality of each simulation and ensure that 

the model succeeds in reliably reproducing complex spatial patterns (Tong & Feng, 2020). 

2.6 Study cases around the world on LULC change and agriculture 
Studies at different scale of analysis have attempted to assess and predict urban growth and its 

impact on agricultural and natural areas (Zhou et. al.,2019, Martellozzo et. al., 2018, Liang et. 

al. 2020, Maithani et. al., 2007). Particularly in China, this field is very well documented, as 

extensive population and urban growth threatens food security (d’Amour et.al., 2017, van Vliet 

et.al. 2017). Cui et. al., 2019 study the impact of ongoing urban growth in China on cropland 

areas and food security applying the Markov-chain technique to simulate future cropland 

changes due to urban growth. Their results have shown that although China is still on an 

ongoing urbanization process the cropland areas are not expected to decrease sharply until 2030 

and mentioned other important factors, which also imply food security problems, such as the 

spatial distribution of croplands and urban expansion on newly arable lands. Qui et. al. 2020, 

examines the cropland loss due to urbanization at a national level and the pressures observed 

from a city scale analysis of different magnitude (Mega-city, town and village) across China, 

to examine how unbalanced urbanization processes lead to cropland losses and food security 

problems.  

At a European level, Barbosa et.al. 2017, modelled the land-take phenomenon across Europe 

in delineation with the milestone set by Commission on the Roadmap to Resource Efficient 

Europe (RERM) for no net land take by 2050 (Lavalle et.al., 2013). Verzandvoort et.al. 2009, 

estimated in their study that by 2030 Europe’s prime agriculture area will be decreased by 20 

Mha, and underlined that there is an increasing interest on prime agricultural land, due to the 

increasing demand of food and biomass production.  
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In Greece Zambon et.al., 2018, investigated in their study the role of fallow land in the 

metropolitan region of Attica considering their findings from environmental/agronomic and 

regional scientific aspects. An empirical analysis was carried out to investigate the complex 

relationship between spatial distribution of fallow land, agricultural landscape characteristics 

and urban sprawl, which indicated a relation between urban growth/containment, conservation 

of rural biodiversity transitions and fallow land as possible areas for urban expansion. A variety 

of related studies has been carried out in the Metropolitan Region of Attica. Colantoni et. al. 

2016, studied about the urbanization driven land take processes in the Athens Metropolitan 

region for over twenty years. Their results indicated that built-up areas in Attica grew sharply, 

while cropland areas declined more than any other land use type. In relation with UGM, 

Gounaridis et.al. 2018, developed a CA-UGM, coupled with random-forest method (RF) to 

explore future LULC changes and dynamics in Attica region. Their results indicated that 

agricultural areas will decline for about 20% in the next 20 years (by 2040). Another study by 

Triantakonstantis & Stathakis 2015, modelled the urban growth of Athens, Artificial Neural 

Networks (ANN) to explore past trends of urban growth and provide future estimations for 

assisting planning policies for future scenarios.  

3 Methodology  

3.1 Overview 
A schematic framework of this work is provided in Figure 1. This chapter outlines the tools and 

methods to be used for answering the research questions of this study. After studying related 

studies and literature, a scenario-based simulation method for projecting urban growth will be 

identified and applied. The results of the model will then be evaluated. Hereafter, an impact 

assessment will estimate potential crop production loss due to urban growth.  

 

 

 

Figure 1: Schematic framework of study workflow 
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3.2 The SLEUTH urban growth model 
In this research, SLEUTH is used to simulated urban growth. The SLEUTH CA based UGM, 

developed by (Clarke et. al., 1997) has been widely used among researchers its documentation 

and source code have been free for use since 1999, leading to multiple revisions and 

modifications. The SLEUTH model simulates urban growth by transition or growth rules 

(Table 1) that influence the cell state in a CA environment as a set of nested loops. The outer 

loop executes Monte-Carlo iterations, while the inner loop simulates the urban growth rules 

(Chaudhuri & Clarke, 2013). SLEUTH represents an acronym for the input layers required for 

the model to run. Those layers are: Slope, Land use, Excluded from urbanization, Urban, 

Transport and Hill shade (Sandamali et.al. 2018). For each iteration, diffusion, breed, spread, 

slope and road coefficients determine the behavior of the CA (Zhou et.al., 2019). Based on 

Silva & Clarke, 2002 and Clarke et.al., 1997 four different types of growth can derive, namely 

spontaneous, diffusive, organic and road-influenced.  

Growth cycle order Growth type Growth Coefficients Description summary 

of transition rules 

1 spontaneous Dispersion/diffusion Selection of potential 

new growth cells 

2 Diffusive Breed Growing new urban 

centers as a result of 

spontaneous growth 

3 Organic spread Urban centers trigger 

additional growth 

4 Road-influenced Road – gravity, 

diffusion, breed 

New urbanized cells 

tend to grow and 

expand towards the 

roadnetwork 

During all Slope resistance Slope Slope resistance on 

potential urbanized 

cells 

During all Excluded layer User defined Areas specified by the 

user to be resistant on 

urban growth 

Table 1: Summary of growth types simulated by the SLEUTH model 

The diffusion coefficient indicates the overall dispersiveness of the distribution both in the 

single grid cells and in the growth of new urban areas outward through the transportation 

system. The breed coefficient determines the probability of a random area to become urban and 

begin its own growth cycle. In this step the model selects if any of the newly generated 

urbanized cell, will become a new spreading center, by controlling if a newly urbanized cell 

has at least two neighboring urbanized cells. The spread coefficient determines the outward 

expansion of urban systems towards their edges. It is also called “edge-influence” growth. The 

road gravity coefficient influences urban growth towards transportation systems. In this step 

growth is triggered by the existing transportation network as well as the recently urbanized cells 

from the last three steps. The slope coefficient controls the probability of urban growth on 

steeper slopes. According to common knowledge lower slopes are easier to build upon than 

steeper. The steeper the slope the more unlikely for an area to be suitable for urbanization. The 

slope coefficient is applied for all the above-mentioned growth steps throughout each growth 

cycle. Last but not least, the excluded layer is used as a policy layer through every simulation 

step, it is user-defined and can determine areas that are excluded from urbanization even if they 

meet all other criteria. In addition to the beforementioned growth coefficients the model uses a 

second level of growth rules to respond on rapid or depressed growth rates, which are the sum 

of all four different types of growth and they are called ‘self-modification parameters.  
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This work is going to follow the SLEUTH method in developing the UGM, as it was found 

suitable for the research purpose in simulating scenario-based projections due to certain 

reasons. First of all SLEUTH is a CA model that was originally developed to simulate urban 

growth and no other LULC changes, making it very reliable on that specific subject. As Sakieh 

et. al. 2015, outlines the SLEUTH model is easy to apply compared to other LULC change 

simulation models such as the Conversion of Land Use and its Effect (CLUE) (Veldkamp & 

Fresco 1996), thanks to less data required. Furthermore, SLEUTH incorporates CA, which is 

capable of simulating complex urban phenomena and LULC changes and it is widely used for 

projecting different scenarios for policy implementation (Saxena & Jat, 2019). Huang et.al. 

2008 , also outline that the SLEUTH model is  robust in simulating urban growth, as it takes 

into consideration four different types of growth and has been used effectively for assisting 

urban management applications. As Yin et.al. 2018, also underline, a high advantage of the 

SLEUTH model is that it can relate the exclusion layer to a specific land-use or policy constraint 

and thus it is a legit method for simulating urban growth in a scenario-based approach. 

3.3 Calibration of SLEUTH model 
The calibration of SLEUTH is arguably the most important and time-consuming step of the 

model application, as it captures the urban growth uniqueness and achieves the model future 

simulation (Bihamta et.al. 2015). During the calibration phase the model compares the known 

historical data to simulated, in an effort to find those coefficient values that best model urban 

growth through time. The SLEUTH performs “brute-force” Monte Carlo runs through the 

historic data using every possible combination of the user defined coefficient values  ("Project 

Gigalopolis", 2005). The calibration of SLEUTH includes three separate stages. Those are 

“coarse”, “fine” and “final”. The coefficient combinations computed during each calibration 

phase result into 12 metrics as described by Silva & Clarke, 2002, which are all written in the 

output directory. Some of those metrics are described in Table 2.  

Selecting coefficient ranges between every calibration phase is also challenging. The Optimal 

Sleuth Metric (OSM), developed by Dietzel & Clarke 2007 was selected for this study to narrow 

down the coefficient range, as it is proven to be more effective than other methods used before. 

After each phase of calibration, the OSM code downloaded from ("Project Gigalopolis", 2005) 

can be run using the control_stats.log to calculate the “top 50” best fit values. This application 

sorts the coefficient values of the calibration phase, according to specific metrics that describe 

their optimal values.  

In each stage the model is calibrated using a hierarchical spatial resolution method (Dietzel & 

Clarke, 2007). This means that each calibration stage, sequentially narrows the coefficient value 

ranges, while increasing the spatial resolution of the data. Therefore, the primary dataset to be 

used for the simulation should be resampled two times, namely one at ½ and one at ¼ of its 

own resolution. For the coarse calibration the coefficient values are set from 0 to 100 with a 

25-step unit. Each combination of the parameters was simulated under 4 Monte Carlo iterations 

resulting into n number of runs. For the “fine” calibration stage the ½ resolution data are used. 

Based on the output of the “coarse” stage a new narrowed coefficient range, with a finer step is 

chosen and the calibration runs using 8 Monte Carlo iterations resulting into n amount runs. In 

the final calibration stage, the beforementioned steps are followed for the data at their initial 

resolution on 10 Monte Carlo iterations resulting into n number of runs. 

After running the OSM code, the “top 50” text file sorts the values in a descending order based 

only on the OSM metric. Next the top 3 scores are chosen and the coefficient ranges for the 

fine calibration are selected. In the final calibration, only the top score of the “top 50” text file 

is selected and the corresponding values are chosen as the best-fit coefficient values. If a 

coefficient remains the same in all top scored simulations a finer user defined range must be 

selected 
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Using the best-fit coefficient values that derived after the final calibration step, the simulation 

from year 2015 to 2050 is initiated. The model will run for this timeline on 100 Monte Carlo 

iterations for each timestep of both simulated scenarios. SLEUTH simulates growth based on 

percentage probabilities scaling from 50% percent to 95%. For this study all probabilities above 

50% are selected. The model creates output maps for each simulation year 

Index Description 

Product A composite index which is the result of all scores 

multiplied together 

Compare Comparison of modeled final urban extent to real 

final urban extent 

r2 Least square regression score of modeled 

urbanization compared with actual 

Population (Pop) urbanization for control years 

Edge r2 Least square regression score for modeled urban 

edge count compared with actual urban edge 

count for control years 

R2cluster Least square regression score for modeled urban 

clustering compared with known urban clustering 

for control years 

Leesalee A shape index, a measurement of spatial fit 

between the modeled growth and the known 

urban extent for control years 

Average Slope r2 Least square regression of average slope for 

modeled urbanized cells compared with average 

slope of known urban cells for control years 

X - r2 Center of gravity[x]: Least square regression of 

average x values for modeled urbanized cells 

compared with average X values of known urban 

cells for control years 

Y - r2 Center of gravity[y]: Least square regression of 

average y values for modeled urbanized cells 

compared with average y values of known urban 

cells for control years 

Rad Least squares regression of standard radius of the 

urban distribution, i.e normalized standard 

deviation in x and y 
Table 2: A selection of metrics produced by the SLEUTH model as described by (Silva & Clarke, 2002, Dietzel & 

Clarke 2007) 

3.4 Evaluation of SLEUTH’s performance  
For the evaluation of the model performance the study followed the approach of Diezel and 

Clarke (2007), which indicates that out of the 12 metrics produced by each calibration phase, 

only 7 are needed to determine the goodness-of-fit of the model. This is proved in the study of 

Diezel and Clarke (2007), where 3 datasets were calibrated with all the 12 metrics that describe 

the goodbess-of fit of the model. The OSM metric is the product of those 7 metrics and has 

proven to be the most effective among others, such as the Leesalee metric, which was often 

used to narrow down the coefficient ranges during each calibration phase and select the best-fit 

coefficient values for future simulations. Those metrics are: compare, population, edges, 

clusters, slope, X-mean, and Y-mean metrics. To derive the OSM top 50 scores, the seven 

metrics ranging from 0 to 1, are multiplied together and the iterations are then sorted on a 

descending order, starting from the best scores calculated.  

The Cohen’s Kappa coefficient (Cohen, 1960) and its many revisions have been widely used 

for comparing two categorical datasets such as LULC maps and assess their similarities 
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between observed and simulated/expected results (Equation 1).In essence Kappa is based on 

the percentage of agreement between to categorical datasets, corrected for the fraction of 

agreement that can be expected by chance. P(A) stands for the observed fraction of agreement, 

P(E) for the expected fraction of agreement given the distribution of class sizes and P(max) for 

the maximum fraction of agreement given the distribution of class sizes. Hagen (2002), refers 

in his article to two distinct statistics, namely K-histogram and K-location that explain both the 

similarities of location and the similarities in quantity. Kappa is now a product of K-histogram 

and K-location, as these metrics considerably improved the Kappa assessment for categorical 

maps. (Equations 2, 3, 4). Kappa can take values from perfect agreement 1 to no agreement at 

all -1. Values approaching 0 are an indication that the agreement equals the agreement that is 

expected by chance. 

 

Equation 1: Cohen's Kappa 

 

Equation 2: Kappa histogram 

 

Equation 3: Kappa location 

 

Equation 4: Kappa as a product of Khisto * Klocation 

Van Vliet et. al, 2011 realized that the distribution of class sizes is not a meaningful reference 

level for models that simulate from an original LULC map. Applications, which model an area 

with fewer changes/transitions, yield better results than others. This high agreement though is 

not realistic as it does not prove an accurate simulation. Using the K-location and K-histogram, 

Van Vliet et. al, 2011 developed the K-transition and K-transloc (Equation 6). The first 

expresses the agreement of quantity of LULC transitions, while the second accounts for the 

degree to which the transitions agree in their allocations. Thus, they extended the Kappa 

coefficient to incorporate the distribution of class transitions starting from an original map 

(Equation 5) 

 

Equation 5: Kappa simulation 

𝐾𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 =  𝐾𝑡𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛 ∗ 𝐾𝑡𝑟𝑎𝑛𝑠𝑙𝑜𝑐   

                                           Equation 6: Kappa-simulation as a product of K-transition and K-transloc 

K-simulation provides a more meaningful reference level for assessing LULC such as an UGM, 

as it accounts for class transition and not just the size. K-simulation values that approach to 0 

now are showing no or few transitions and high values are both depending on the agreement of 
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both the class size transition and allocation, which is harder to achieve. In this study only two 

classes exist, namely “urban” and “non-urban”, out of which, only one changes through time.  

At this point, it must be mentioned that due to lack of time and data for this study, an 

independent validation of the model was not feasible. The original map used for this study is 

the starting year of the calibration, namely the urban layer of 1975. The evaluation period will 

be from 1975 to 2015, which is the last year of the model’s calibration. To avoid any 

misunderstanding, word validation here is used as a reference to the process of assessing the 

parameter set during the calibration with an independent dataset. An independent validation 

would require a third map at a given timestep, which is not used during the calibration of the 

model. Hereafter, the simulated results would be compared with the third map at the given 

timestep (Van Vliet et. al, 2011). 

Visser & De Nijs, 2006 developed “the Map Comparison Kit”, which is an application that 

incorporates different map comparison algorithms. This application will be used to interpret the 

results of the evaluation and apply K-simulation after SLEUTH’s calibration. 

3.5 Impact Assessment  
After running and evaluating the simulation of SLEUTH, the impact of urban growth on the 

potential crop production is going to be assessed. The crop production of a certain crop can 

only be calculated by knowing the yield 𝑦𝑖 of this crop and its harvested area ℎ𝑖 (Equation 7). 

The total crop production   𝑃𝑠𝑢𝑚 is the weighted sum of the production  𝑃𝑖 of each crop class i 

(Equation 8). Crop yield values of all crops will remain constant throughout this process as 

related parameters (i.e agroecological) will not be considered. Furthermore, the harvested area 

of the selected crops will not expand in future simulations. Thus, the latest data (2015) on 

harvested area will be used for the estimation of future impacts. The harvested area of all crops 

will be reduced over time as a direct effect of urban growth on agricultural areas.  

 𝑃𝑖 =  ℎ𝑖 ∗  𝑦𝑖   

Equation 7: Production for each crop class 

 𝑃𝑠𝑢𝑚 =  ∑(𝑃1

𝑛

𝑖=1

+ 𝑃2 + 𝑃3 + ⋯ + 𝑃𝑛) 

Equation 8: Weighted sum of all crop’s individual production 

SLEUTH produces outputs for each simulation year, which are then overlayed on the total crop 

production to estimate the fractional change of production over time given a known yield 

starting from year 2015. Iterating this process for all model outputs in both scenarios, will 

provide information on the total harvested area and production loss during the 35 years span. 

Other statistical results will be calculated, such as the mean loss per year and a comparison of 

both scenarios will be implemented to underline similarities and differences.  

In this study only the weighted total production of all 12 crops is assessed. By the same method, 

individual crop production of each crop selected can be computed too. 
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3.6 Study Area 
The region of Attica is known for its high urban pressure as it includes the metropolitical area 

of Athens. The population of Attica region is estimated around 3.8 million and a total area of 

around 3000km2 (ELSTAT,2020). Attica includes originally eight regional units but from those, 

the regional unit of “Islands” is excluded from this research, as it refers to island and specific 

coastal areas, which have significantly different development policies and plans from the rest 

of the mainland regions Figure 7.  

The metropolitan region is economically oriented towards traditional and advanced services, 

public administration, manufacture and construction industries. Moreover, the population 

density of urban municipalities exceeds 5000 inhabitants/km, making it the most densely 

populated region in Greece (Salvia et.al., 2020). The geomorphological characteristics of the 

region determined the availability of land and urban expansion, especially after the postwar 

years. The plain where Athens city is located is surrounded by four mountains 

(Egaleo,Parnitha,Penteli and Hymmetus) with a maximum elevation around 1350 m and 

Marathonas, Thriasian and Messoghia plain (Gounaridis et.al.2018). According to national 

statistics, the total cultivated area in 2018 amounted around 3.220 ha (ELSTAT-Table 01,2018). 

 

Figure 2: Map of the study area 

The postwar development of Athens urban area has been wide examined under different scopes 

and views, as it encompasses an example of a transformation from compact growth to sprawl 

and polycentrism (Gounaridis et.al., 2018, Moissidis & Duquenne, 1997). Athens is a 

characteristic case of land-take processes. The wider metropolitan area experienced multiple 

waves of growth in the last two decades with dense and discontinues urban areas expanding 

over primary agricultural and natural land (Zitti, et.al.,2018, Colantoni et.al., 2016). The 

economic crisis in 2008 has vastly impacted Greece’s economy and especially urban areas such 

as Athens. Aggregate food retail sales decreased sharply, while the total expenditure on food 

has increased its share of the total household consumption budget, showing critical signs of 

food poverty (Skordili, 2013). 
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3.7 Scenario Development 

3.7.1 The Business As Usual (BAU) scenario 

The BAU scenario assumes that the historical growth patterns of urban growth continue over 

the upcoming years. In different researches (Sakieh et.al., 2015, Goodarzi et.al., 2017, Wu et. 

al., 2010) this scenario is applied for projecting future urban growth based on the values of the 

growth coefficients that derived during the calibration phase. Thus, the BAU scenario will 

project future growth and potential crop production based on historical growth patterns in the 

study area together with certain constraints that describe the current policies and urban growth 

management. Those will be exclusion areas where urban expansion is not likely to appear in 

the future such as natural protected areas, forests and water bodies.  

Sayas, 2006, describes the housing construction regimes in the Metropolitan area of Athens 

since the postwar era. In his study, he refers to the findings of other researches to set the scene 

for the urban expansion in the area. According to his study the wider region of the Athens 

Metropolitan Area underwent numerous changes, showing clear signs of uncontrolled sprawled 

development, which led to polycentricism. Furthermore, it is underlined that the urban 

development in the region is by no means linear. As mentioned before, Athens Metropolitan 

Area experienced multiple waves of urbanization in the last decades, resulting into the 

expansion of continues and discontinues urban areas over primary agriculture and natural land 

(Zitti, et.al.,2018, Colantoni et.al., 2016). 

As forest and natural areas are protected by Greek law and policy regulations, according to 

Article 11, Law 1515/1985 (Greek Government, 1985) only agricultural areas expect to change 

as a result of urban expansion, although it is important to mention that those are also included 

in regulating and protection policies of Law 4277/2014 (Greek government, 2014), but are more 

vulnerable for bypassing. This scenario will assume that urban growth is allowed without 

restrictions on agricultural areas, while natural and forest areas will be partially or completely 

excluded. The BAU scenario will be used as the BAU excluded layer of SLEUTH and will be 

explained in Chapter 3.9 

3.7.2 The Agriculture Preservation scenario 

This scenario will give high priority on the implementation of strategies and policies that focus 

on controlling irregular urban expansion, while protecting and enhancing urban and peri-urban 

agricultural areas.  

Summarizing the abovementioned findings (Chapter 2.3.1), the future urban growth in this 

scenario is considered to be a sustainable development strategy, which includes the driving 

forces of the BAU scenario together with new parameters, such as protection measures for high 

value agricultural areas. This scenario will focus on compact growth, which suggests that future 

urban development should take place adjacent to existing urban structures (Jabareen, 2006). 

Forest and natural areas will be completely excluded from urbanization. In delineation with the 

new RSA, agricultural areas will also be excluded partially. Unfortunately, due to the lack of 

data, it was not possible to include the zoning criteria on agriculture productivity, but instead 

this scenario will implement an urban expansion zoning system, by allowing urban expansion 

up to a defined distance from the existing urban areas as a compact city measure. The APR 

scenario will be used as the APR excluded layer of SLEUTH and will be explained in Chapter 

3.9 

3.8 Software to be used 
SLEUTH is an open-source model, widely used, allowing an easy access to previous studies 

applied with detailed documentation ("Project Gigalopolis", 2005). The software selection for 

preprocessing and re/classifying the data is ArcGIS Pro and QGIS 3.16.3. The QGIS 3.16.3 

proved very useful for downloading the road data from OSM, while it is also used as a 
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controlling mechanism for certain tools and data preprocessing deriving from the ArcGIS Pro 

software. For the model development the open-source code of SLEUTH is going to be used 

("Project Gigalopolis", 2005).  The latest release (6/2005)  SLEUTH3.0beta_p01 LINUX  

alongside with the Optimum Sleuth Metric (OSM), a small application for assisting the 

calibration process, will be downloaded. All files and applications run using the open 

software Cygwin ("Cygwin", n.d.), a large collection of GNU and Open-Source tools which 

provide functionality similar to a Linux distribution on Windows.  

For evaluating the model’s performance the ‘The Map Comparison Kit” (MCK) software 

(Visser & De Nijs, 2006)  is be used. The MCK is able to perform different map-comparison 

techniques and is especially used for categorical or nominal maps, such as LULC maps.  

For the impact assessment step, the open-source PCRaster software (Karssenberg et.al., 2010) 

is used, to create a dynamic model which estimates the impact of future urban growth on crop 

harvested area and production both visually and statistically. PCRaster is a GIS which consists 

of computer tools for storing, manipulating, analyzing and retrieving geographic information. 

PCRaster contains also a scripting model development environment, which supports scripting 

languages such as PCRcalc and Python. All scripts will be developed inside the Spyder 

computational notebook using Python programming language.  

3.9 Data and Preprocessing 
In Table 3, the data to be used for this study are presented. Following the SLEUTH method, 

the layers needed for running the model are slope, land use, excluded from urbanization, urban, 

transport and hillshade. Thus, the known data for the model’s input are elevation, land use and 

land cover (LULC), built up areas, road and exclusion areas, which are mostly data regarding 

natural protected areas, water bodies, forests, etc.  

Data to be used for the impact assessment are also mentioned in Table 3. Those are related with 

crop data on yield and harvested area. Those data will be used to create the crop maps and 

estimate the total production of certain crop classes based on the yield and harvested area values 

of different crops.: 

Type Dataset Source Description 

Data to be used for SLEUTH  

Elevation  

(Slope, Hillshade) 

EU-DEMv1.1 Copernicus Elevation dataset at 

25m spatial 

resolution for all 

European 

countries,will be 

used for slope and 

hill shade layers. 

Built-up (Urban) data  GHS_BUILT (Corbane 

et.al., 2018). 

 

Global Human 

Settlement Layer 

(GHSL) 

Built-up   data from 

1975, 1990, 2000, 

,2015 

Road data Open Street Maps   OSM 

 

Road network data 

for at least 2 

different periods: 

present & past 

Excluded layer data, 

Land Use and Land 

Cover data (LULC) 

Natura 2000 dataset 

& Corine Land Cover 

(CLC) (2018) 

European 

Environmental 

Agency (EEA) 

Copernicus 

Natura 2000 and 

protected areas 

Data to be used for the impact Assessment 
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Agricultural data GAEZv4 ,2015 (Frolking 

et.al, 2020)  

Actual yield & harvested 

area data per 5-arcminute 

grid cell 

 

Harvard Dataverse Data on crop 

measurements for 

different yields 

(yield, harvested 

area, actual 

production) 

Other statistical data Regional data on actual 

production & harvested 

area 

Food supply quantity per 

capita for year 2015 

Hellenic Statistical 

Authority, 2015 

FAO,2015 

Crop harvested area 

and production based 

on the national 

statistical database of 

Greece 

Food supply per 

capita per year 

(kg/capita/year) 

based on FAO 

statistics for Greece 

in 2015 

 

Table 3: Data and datasets used in this study case. 

In order to reduce the amount of data and create the excluded from urbanization layers for 

SLEUTH, a reclassification process of the CLC classes is needed. The CLC dataset is only used 

for the development of SLEUTH’s exclusion layers, as policy implementation layers. The 

reclassification process is about aggregating classes with similar characteristics to a larger class. 

Table 4 shows the reclassification of the CLC classes into aggregated new classes. 

LULC aggregated class CLC level 2 class 

Built up areas Continuous urban fabric, Discontinuous urban 

fabric, Industrial and commercial, Port areas, 

Airports, Mineral extraction sites, Dump sites, 

Sport & Leisure facilities 

Roads Roads 

Arable land Non & permanently irrigated arable land 

Permanent crops Vineyards, Fruit trees and berry plantations, 

Olive groves, Complex cultivation patterns and 

Land principally occupied by agriculture 

Semi-Natural areas Pastures, Natural grassland, Transitional 

woodland-shrubs, sparsely vegetated areas, 

Inland marshes, Salt marshes, 

Water bodies  Water bodies, Coastal lagoon, Sea and Ocean 

Forest & natural areas Broal-leaved forest, Coniferous Forest, Mixed 

Forest, Burnt areas*, Sclerophyllous vegetation, 

Green urban areas* 
Table 4: Reclassification of CLC classes of the Corine landcover 2018, Natura 200 

*Burnt areas and green urban areas are classified as Forest & Natural as they are expected to be protected and 

preserved. 

For the development of the urban growth model, the built-up layer is going to derive from the 

Global Human Settlement Layer GHS-BUILT dataset (Corbane et.al., 2018). The data from 

GHSL are going to be preprocesses and resampled to match the attributes of the other input 

layers of the model and will act as an independent layer during the development step. This layer 

will be the active layer of the model, which will simulate urban growth. 

Computing the total crop production of the study area requires spatial and statistical data about 

harvested area and yield of existing crops in the research area. GAEZv4 provides a grided 

dataset of 5 arc-minute (almost 10km) resolution (Frolking et.al, 2020) including 26 different 

types of crops. The decision to apply this dataset for this study is made as it has the highest 
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spatial resolution on a variety of different crop products, it is free for use and is the most recent 

(2015) among other datasets that were examined such as MAPSPAM (2010) and is based on 

data from FAO. Moreover, it provides a spatial distribution of the actual yield and harvested 

area of each crop, which will be used to create production maps. To assess the accuracy of the 

selected dataset, GAEZv4 data are compared with national statistical data from the same year. 

Table 5, provides an overview of the selected 12 products for the research area, after reviewing 

local statistics from the Hellenic Statistical Authority for the year 2015, that were matching 

with the data included in the GAEZv4 dataset.  

Crop classes from GAEZv4 dataset 

1.Barley 7.Olives 
2.Cotton 8.Other cereals** 

3.crops NES* 9.Potato & sweet potato 
4.Fodder crops 10.pulses 

5.Maize 11.sugar beet 
6.wheat 12.vegetables 

Table 5: Selected crop classes from the GAEZv4 dataset based on local evidence from the Hellenic Statistical 

Authority,2015 

* Crops NES are crops that are not listed in the 25-crop list of GAEZv4. It includes all other crops from FAOSTAT 

production domain 

**Other cereals include: Buckwheat, canary seed, mixed Grain, oats, corn, quinoa, rye, triticale 

The preprocessing step involves the estimation of each crop production using the total harvested 

area (rainfed & irrigated) and the mean yield (rainfed & irrigated) of the GAEZv4,2015 as 

shown in Equation 7. The resulted crop production layers are then compiled together into a 

single total production layer based on Equation 8. Because all other data where resampled into 

100 m grid cells it was important to estimate the per hectare values of both raster layers. To do 

so, the 5 arc-minute grid cell had to be converted from degrees into meters given a known 

latitude & longitude. By approximation this resulted into 9297 meters grid cell given the fact 

that the initial values indicated 0,08333 degrees and 1 degree is approximately 111.000 meters. 

Knowing the approximate size of each grid cell for that particular region, allowed the 

calculation of the fractional value of total harvested area per hectare between 0 and 1. This will 

allow to compute the approximate total production value per hectare and the potential loss after 

the simulation for both scenarios. All preprocessed layers can be viewed in Appendix A. 

After preprocessing the GAEZv4 data (Frolking et.al, 2020) for the total harvested area and 

production for the first year of the simulation (2015) were compared with national statistical 

data (Hellenic Statistical Authority, 2015) from the same year to evaluate their statistical 

accuracy.  The total amount of harvested area of the selected 12 crops corresponded to more 

than 90% of the total harvested area of all crops existing in the study area, which makes them 

a solid sample for analysis (Table 6). Moreover, the total amount of harvested area and 

production of the GAEZv4 data agree to more than 80% and 74% respectively with the same 

amount reported in the national statistical data for the 12 selected crops. Those results of a 

relative high agreement indicate a relatively good representation of the actual statistical data in 

the modelled data.  
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Total 

harvested 

area of 

Attica in 

2015 for  

all crop 

classes 

(National 

statistics) 

Total 

harvested 

area of 

Attica in 

2015 for 

the 

selected 

12 classes 

(National 

statistics) 

Relative 

amount of 

total 

harvested 

area of the 

selected 

12 crops 

to the 

total of all 

crops 

existing in 

the study 

area 

(National 

Statistics) 

Total 

harvested 

area of 

Attica in 

2015 for 

the 

selected 

12 classes 

(GAEZv4 

data) 

Agreement 

of 

GAEZv4 

data with 

the 

National 

statistics 

for the 

harvested 

area of the 

selected 

12 crops in 

2015 

Total 

production 

of Attica 

in 2015 

for 12 

selected 

crop 

classes 

(National 

statistics) 

Total 

production 

for 12 

selected 

crops for 

2015 

(based on 

GAEZv4 

data) 

Agreement 

of 

GAEZv4 

data with 

the 

National 

statistics 

for the 

production 

of the 

selected 

12 crops in 

2015 

40974.3 

ha 

37043.8 

ha 

90.4% 29675 ha 80.2 % 198017 

tonnes 

267898.9 

tonnes 

74% 

Table 6: The table shows the comparison between the national statistics and the GAEZv4 data in terms of 

harvested area and production for the total amount of the selected 12 crops (Barley, Cotton, crops NES, Fodder 

crops, Maize, Olives, Other cereals, Potato & sweet potato, pulses, sugar beet, vegetables, Wheat). Furthermore, 

the table provides an overview of the total amount of harvested area for the 12 crops selected in comparison to the 

total amount of harvested area of all crops existing in the region, based on the national statistical data.  

3.9.1 Preparing the SLEUTH model 

The SLEUTH urban growth model requires 5 input data layers to run. Those layers must be 

compiled as grayscale .gif image files. For all the input data layers, 0 is an inactive value, while 

0 < n < 255 is an active value. Furthermore, all input data layers must have the same extend 

(same number of rows and columns 933x802), spatial resolution (same cell/pixel size 100x100) 

and projection to address the model’s requirements. The resolution of the input datasets was 

resampled at 100 m (x and y) and all data where re-projected to “GGRS 1987” geographic 

coordinate system, which is the national projection system of Greece. Moreover, the data have 

been further resampled, two and four times the size of the chosen resolution ( 100 x 2 = 200m, 

100 x 4 = 400m) to address the requirements of the calibration step. Hereafter, the data are 

clipped inside the research area boundaries. Data outside the clipped area have been assigned 

with a non-existent value. For statistical reasons , at least four urban and two road time periods 

must be used. All input data layers derived from the preprocessing step can be viewed in the 

Appendix A.  

The slope and hillshade layers derived from, the European Digital Elevation Model (EU-

DEMv1.1). Although the hillshade layer acts only as a background layer and does not affect 

the simulation, slope is considered a critical parameter for urban growth in the model. The 

model cannot urbanize cells on slopes greater than 21% by default and therefore, after some 

research on the study area this, critical slope value was increased to 51%.  

SLEUTH requires the urban extend data of at least four different time periods, in order to derive 

a sufficient estimation of the research areas urban dynamics during the calibration. For this 

purpose, the multitemporal dataset GHS_BUILT (Corbane et.al., 2018) was used, which 

includes data from 1975, 1990, 2000 and 2015. The model simply requires a binary 

classification of urban/non-urban areas with 0 being non-urban and 0 < n < 255 urban.  

The road network layer can greatly affect the development of the region as road influenced 

growth included in SLEUTH simulates the attraction of urban growth towards increased 

accessibility locations. For calibration purpose, the model requires at least two road data layers 

of different time periods. The road network layer can be either binary, same as the urban layer, 

or have relative values. First one assigns the same accessibility value to the whole network, 
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while the second one allows the user to categorize the network with different values. In this 

case a binary representation of the road network was selected for the time periods 1990 and 

2021.The road data were downloaded using the QuickOSM tool in QGIS 3.16.3. This tool 

provides the user with the ability to extract spatial units from the OSM. To derive the road 

network of an earlier time period, a high-resolution image of 1990 was downloaded using the 

Google Earth Pro software. This image acted as a background reference layer, which was used 

to subtract those road segments that weren’t present at that time and derive the earliest road 

network layer for SLEUTH 

3.9.2 Excluded / Scenario layers 

The excluded layers are used to indicate locations that are partially or completely resistant to 

urbanization processes and act as policy layers for the scenario implementation. All 

preprocessing outputs can be viewed in Appendix A. The excluded layer in SLEUTH is 

assigned with values that range from 0 to 255. Locations that do not contain any restriction 

measures have a value of zero. The development of the BAU scenario followed the approach 

of Oguz, et al., (2007) by assigning on the data layer, probabilities of exclusion or levels of 

protection. Values ranging from 0% to 100% can be assigned to the excluded layer, in case the 

user chooses to represent partially exclusion locations with values > 99% being completely 

excluded. For the calibration of the model the BAU excluded layer was used. Locations with 

low or no resistance are presented with darker pixels. The brighter the pixel, the more resistant 

to urbanization. For the creation of this layer, the latest CLC (2018), the Natura 2000 and the 

latest GHSL_BUILT (2015) datasets were merged and reclassified based on Table 4. The 

derived classes were assigned resistance values scaling from 0 to 100 percent (values >99% 

received the value 255). More specifically, Table 6 presents the resistance values assigned to 

each class for the BAU scenario. The Natura 2000 protected areas were merged together with 

the re-classified LULC classes. The merged locations of the two datasets were assigned the 

added value of both. 

It is important to mention at this point, that the reclassified CLC(2018) built-up class does not 

overlap with the GHSL_BUILT  urban class. Thus, it was decided to keep both of these classes 

in the excluded layer as urban and available for urbanization. The UGM of SLEUTH though, 

will simulate the urban expansion only based on the GHSL_BUILT dataset, as it is far more 

accurate than the classified CLC(2018) Built-up class. This means that urban expansion can be 

simulated on locations indicated as built-up too. This area will present potential open space that 

is neither urban or agriculture and is available for urbanization. 

Excluded layer classes Resistance Value % 

Built up areas +open spaces 0 

Roads 100 

Arable land 0 

Permanent crops 0 

Semi-Natural areas 40 

Water bodies 100 

Forest & natural areas 80 

Natura 2000 protected areas +20 

Table 6: Exclusion layer classes and resistance values for BAU scenario 

For the APR scenario, this study followed the compact city approach to create zones of 

development for controlling urban sprawl. Furthermore, this scenario suggests that agricultural 

areas should be protected considering, Law 4277/2014, Chapter 4, Article 12 (Greek 

government, 2014). Due to lack of data on Local Spatial Plans, the accurate extend of areas for 

urbanization could not be defined based on published plans. Therefore, an approach used by 

Huang et. al. 2008 was decided to be followed. According to that two buffer zones of 1 and 2 

km distant from the existing urban areas were created. Areas inside the first buffer zone are 
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fully developable, while areas between the first and the second buffer zone have a 50% 

resistance to urbanization. All other areas outside the 2km buffer zone are fully excluded. To 

adjust this approach on this study the following steps had to be followed. First the 

GHSL_BUILT(2015) urban layer was used to derive the buffer zones. This process included 

several steps of data transformation and reclassification. On the same time the BAU excluded 

layer, created in the previous step, was redeveloped to include resistance values for agricultural 

classes too.  Table 7, shows the values assigned on the APR excluded layer classes. The 

development zones are finally merged with the resistance layer to derive the final outcome. 

Exclusion layer classes Resistance Value % 

Built up areas 0 

Roads 100 

Arable land 40 

Permanent crops 60 

Semi-Natural areas 40 

Water bodies 100 

Forest & natural areas 80 

Natura 2000 protected areas +20 

Zone 1000m +0 

Zone 1000m to 2000m +50 

Areas outside the 2000m zone +100 

Table 7: exclusion layer resistance values for the APR scenario  

It should be noted that the calibration of the model was conducted only for the BAU scenario 

excluded layer, as it is assumed that this perspective follows the historic growth patterns.  

SLEUTH applications in their majority use only one excluded layer in calibration. Next, they 

simulate different scenarios of change, using different excluded layers. (Akın et.al. 2014).  

4 Results and discussion 

4.1 Calibration results 
In general, each calibration phase yielded higher OSM values (coarse >0.7, fine > 0.8 and final 

> 0.9) than the previous one (Table 9). The high OSM values in each calibration phase indicate 

the success of the model in mimicking the trend of urban growth in the study area. Therefore, 

the best-fit coefficients (Table 8) can be reliably used for simulating future scenarios of change.  

The diffusion coefficient of 40% shows, that new detached urban cells are simulated, while the 

low breed coefficient 1%, shows that those detached areas are not expanding further. Moreover, 

the spread coefficient of 8% is an indication that existing urban centers or clusters of urban 

cells, generate new cells on their edges but not extensively. The slope coefficient of 23% 

indicates that urban areas on steeper slopes are not expanding further, but up to a certain point 

(i.e critical slope of 51%), growth is expected to occur. Finally, the road gravity coefficient is 

very low as roads will probably attract minimum growth. 

As described by (Houet, et.al. 2016) the model simulates future changes by mimicking past 

trends derived from the internal model’s functionality during the calibration phase. A drawback 

related to this in the scenario implementation is that the calibration is possible to limit the effect 

of a pattern breaking scenario, by consistently replicating past trends, especially in terms of 

magnitude. This happens due to the fact that SLEUTH is calibrated with the use of only one 

exclusion layer Another drawback in the implementation of SLEUTH is the time-consuming 

calibration phase, which is critical for the model’s performance. Furthermore, it is proven that 

in terms of accuracy assessment, the uncertainty increases in long-term simulations. (Chaudhuri 

& Clarke, 2014).  
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Coefficient Coarse Fine Final Best-fit value 

Diffusion {0 - 100, 25} {0 - 50, 10} {10 - 40, 6} 40 

Breed {0 - 100, 25} {0 - 50, 10} {0 - 50, 10} 1 

Spread {0 - 100, 25} {0 - 20, 5} {0 - 10,2} 8 

Slope {0 - 100, 25} {15 - 35, 4} {10 - 50, 8} 23 

Road gravity {0 - 100, 25} {0 - 100, 20} {0 - 100, 20} 1 
Table 8: Results of SLEUTH’s calibration for the period 1975-2015. Coefficient ranges selection after sorting on 

the OSM metric, for all calibration phases (coarse, fine and final) and the deriving best-fit coefficient values. 

Coarse calibration results  

OSM  Diffusion Breed Spread Slope Road gravity 

0.76910025 1 50 1 25 1 

0.76910025 1 50 1 25 25 

0.73566127 50 1 1 25 1 

0.73566127 50 1 1 25 25 

0.73004967 1 1 1 25 50 

0.73004967 1 1 1 25 75 

Fine calibration results 

0.86927617 10 50 5 19 40 

0.86225563 30 1 5 27 1 

0.86225563 30 1 5 27 20 

0.8560881 40 10 5 35 80 

0.8560881 40 10 5 35 100 

Final calibration results 

0.90395153 40 1 8 23 1 

Table 9: Top scores of OSM values during each calibration phase. The table shows the selection of the top 3 scores 

during the “coarse” and “fine” calibration step together with the top score of the “final calibration step” 

4.2 Evaluation of SLEUTH’s performance 
The comparison of the modelled with the actual urban growth for the period 1975 to 2015 

showed that the model performed well for the purpose of this study. The contingency table, 

which resulted after the comparison of the actual and modelled maps describes quantitatively 

the amount of agreement and disagreement in cell number between the two datasets (Table 12). 

All maps can be viewed in Appendix B. 

K-transition and K-transloc are 0.73 and 0.36, respectively, which is way above 0 and an 

indication that SLEUTH explains both the number of land-use transitions and the allocation of 

these transitions better than can be expected by chance, given the total number of transitions. 

K-simulation scores above 0 does not necessary indicate a good simulation of urban growth, 

but for this study the results will be accepted. K-simulation of 0.25 will be accepted in this 

research, as it showed that the model explains past changes relative well.  

More specifically the value of K-transition 0.73 is high, approaching 1, which is an indication 

that the amount of each class transition is explained well by the model. On the other hand, the 

low value of K-transloc indicates that the simulated changes were not correctly allocated in 

their majority during the model simulation. K-simulation does not usually provide high scores 

such as Kappa, because it accounts for the fractional agreement of class transitions and not just 

class sizes (Van Vliet et. al, 2011).  

SLEUTH’s results were not independent validated. In order to assess the model’s performance, 

independent observational data must be compared with the ones simulated by the model (Van 

Vliet et. al, 2011). Because all data were used during the calibration, K-simulation results with 
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the use of independent comparison data could be much different. Another remark is that K-

simulation results were affected by the selection of all outputs higher than 50% probability. 

Selecting outputs based on higher probabilities than 90% for example could have different 

results in SLEUTH’s assessment 

Map categories 

Actual map 2015 

\ Modelled map 

2015 

Non-urban cells Urban cells Sum Map 1  

Non-urban cells 228185 11484 239669 

Urban cells 5279 3443 8722 

Sum Map 2 233464 14927 248391 

Table 12: Contingency table of actual and modelled map for year 2015.The table shows urban and non-urban land 

use  that exist in the actual and not the modelled map and vice versa. The diagonal indicates cells that have the same 

land-use in both maps. 

K-simulation 0.2583 

K-transloc 0.35605 

K-transition 0.72545 

Table 13: K-simulation results 

4.3 Simulation results and Impact Assessment 

4.3.1 Simulation from 2015 to 2050  

Urban growth in both scenarios occurred on the peri-urban fringe of existing urban centers and 

did not have any particular difference in terms of growth patterns. Both scenarios showed that 

during their 35-year simulation, urban growth was more extensive than it used to be for the past 

40 years (1975 - 2015). The BAU scenario showed 82% and the APR scenario 46% more 

growth than observed in the past for about the same time span (Table 14). Another characteristic 

of both scenarios is that they didn’t show diffusive growth with exception of some minor cases 

in the BAU scenario. BAU simulated almost 20% more growth than the APR (Table 14). 

Furthermore, existing and newly created urban areas in the BAU scenario become far denser 

(Figure 3). BAU produced relative more growth in the western and eastern areas of the region, 

while both APR and BAU simulations show similar results on the peri-urban fringe of Athens 

(Figure 3). 

The implementation of resistance values in both scenarios prevented growth on certain areas as 

planned, but it should be mentioned that those values were randomly selected. Other approaches 

direct towards Multi-Criteria-Evaluation (MCE) for assigning resistance to urbanization values 

to LULC classes, in an effort to create urban growth suitability maps (de Noronha et. al 2012, 

Asgarian et. al 2018) 

In the APR scenario agricultural areas included increased resistance values to urbanization and 

an additional zoning criterion was implemented, which was selected to partially or fully exclude 

areas on a certain distance from the existing urban centers as described by (Huang et. al. 2008). 

The zoning criterion secured certain areas in the APR scenario but did not change the pattern 

of growth or the total amount noticeably. This is explained due to lack of information on 

different zoning systems that may exist in different parts of the region. 

The scenario development in this study was based on the Master Plans of Athens and therefore 

both BAU and APR shared similar characteristics. The exclusion layers were created using a 

free representation of certain policies included in the Master Plans such as resistance to 

urbanization values, protection and enhancement policies and zoning criteria. Because Master 

Plans only provide a vision for the region with arbitrary spatial characteristics, this study 
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suggests the use of more specific plans for describing spatial planning policies and strategies 

such as the “Local Spatial Plans”. Those are the urban plans of each municipality in the region 

and include local characteristics for development and specific zoning tools to be applied with 

respect to local characteristics (Asprogerakas, 2016).  

Past change Future simulated 

change 

Past/Future change APR/BAU 

change 

Urban area in 

year 1975 

Urban 

area year 

2015 

Observed 

change 

1975-2015 

(40 years) 

BAU 

simulation 

for 2015 -

2050 (35 

years) 

APR 

simulation 

for 2015 – 

2050 (35 

years) 

Percentage 

difference of past 

observed and 

simulated change 

for BAU scenario 

Percentage 

difference from 

past and 

simulated change 

for APR scenario 

Percentage 

difference of 

APR with BAU 

scenario  

43748 ha 52625 ha 8877 ha 16141 ha 12941 ha 82 % 46% 20% 

Table 14: Output results of the BAU and APR scenarios for the year 2050. The table shows urban growth in hectares 

between two time periods, namely 1975-2015 and 2015 – 2050. The first period indicates the actual growth that 

occurred during this 40-year span and acts as a reference point for comparison with the second period. The second 

period is referring to the simulated by the model future growth and expands for 35 years. Those two periods are 

compared for both scenarios, showing percentagewise the increased growth that occurred in the BAU an APR 

scenarios in relation to past growth. 
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Figure 3: Comparison of simulated results for the BAU and APR scenario for 2050. Each cell is 1 ha of urban area. 

Red cells indicate areas of urban growth that occurred only in the BAU scenario. On the other hand, green cells 

indicate urban growth that occurred only during the APR simulation. Urban areas that expanded in both scenarios 

have the blue color, while cells that indicate the seed year (2015) have yellow color. Areas of the eastern and western 

parts of the region were selected to indicate noticeable differences between the two scenarios 
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4.3.2 Impact Assessment 

In year 2015, the total harvested for the 12 selected crops is estimated at about 29675 ha, while 

the total production at about 267898.9 tonnes (Table 15). As expected for both scenarios the 

harvested area is reducing over time, but there are some differences. The BAU scenario 

simulated more urban growth and therefore, the amount of harvested area loss was higher than 

in the APR scenario.  

More specifically the harvested area was reduced by 1905 ha and 1452 ha for the BAU and 

APR scenarios respectively (Table 15). This accounted to 6.5 % for the BAU scenario and 4.9% 

for the APR scenario of the total harvested area in year 2015 (Table 15). The total production 

loss can also be explained in a similar way. The total production loss during the simulation is 

17805.6 tonnes and 13207.7 tonnes for the BAU and APR scenarios respectively (Table 15). 

These results to 6.7 % and 4.9 % of the total production in 2015 for the BAU and APR scenarios 

accordingly (Table 15). 

The APR scenario loses almost 453 ha of harvested area and 4597.9 tonnes of crops less than 

the BAU scenario and seems to perform better overall.  This is an indication that both the zoning 

system and the resistance values that were applied in the APR scenario protected around 20 % 

of harvested areas and saved 25% of total crop production in comparison to BAU. Areas that 

accounted a total production of more than 1.5 tonnes per hectare of harvested area for the 12 

crops selected in the research area, were considered valuable agricultural areas. Those are 

allocated mostly on the western and eastern parts of the region (Figure 5). As diffusive growth 

was mostly absent in both scenarios, the most valuable agricultural areas were lost on the peri-

urban areas on the eastern and western part of the region. Urban growth on the peri-urban fringe 

of Athens is considered high, but showed low production values per harvested area, not 

exceeding 0.5 tonnes per hectare for the 12 crops selected (Figure 5).  

Results BAU simulation APR simulation 

Total harvest area for 12 

selected crops for 2015 (based 

on GAEZv4 data) 

29675 ha 

Total harvested area loss 1905 ha 1452 ha 

Relative harvested area loss 

compared to total harvested 

area of 2015 

6,5% 4,9% 

Mean harvested area loss 54,4 ha/year 41,5 ha/year 

Total production for 12 

selected crops for 2015 (based 

on GAEZv4 data) 

267898.9 tonnes 

Total production loss 17805.6 tonnes 13207.7 tonnes 

Relative production loss 

compared to total production of 

2015 

6.7% 4.9% 

Mean production loss 508.7 tonnes/year 377.4 tonnes/year 

Table 15: Comparison of BAU and APR impact. The table shows the results of the impact assessment for the BAU 

and APR scenario and provides a statistical overview of the outcome.  

Moreover, the food supply quantity for the selected 12 crops is 0.389 tonnes per capita 

(FAO,2015). Given the total production in the region of Attica is around 3.8 million, the total 

production of the selected 12 crops should be around 1487147 tonnes to exclusively cover the 

regional population needs (Table 17). The corresponding values for the selected 12 crops of 

both the national statistical data and the GAEZv4 data indicated that the region produces far 

less, 198017 and 267898.9 tonnes respectively (Table 16). As a result, the total population 

supplied is accounted around 688686 based on GAEZv4 data, while 4897 and 3732 people are 
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expected to lose supply by 2050 based on the BAU and APR scenarios respectively. In the APR 

scenario 1164 less, people lose supplies than in the BAU scenario, which is the size of a city 

neighborhood or village (Table 17). 

The impact assessment was based on the total production of all 12 crops and therefore it 

cannot reveal further information on individual crop production values. It is suggested here 

for further research to take this into account and follow the same method for individually 

assessing the impact of each crop. This would reveal which crops are dominant and important 

for the local production and which will be affected more due to urban growth.  

Food supply quantity 

(FAO 12 selected 

crops Greece 2015, 

tonnes/capita/year) 

Total 

population 

2015 

Total 

food 

supply 

per 

capita 

needed 

Total 

Population 

supplied 

from 

regional 

production 

based on 

National 

statistical 

data in 

2015 

Total 

Population 

supplied 

from 

regional 

production 

based on 

GAEZv4 

data in 

2015 

Total 

population 

to lose 

supply 

based on 

BAU in 

year 2050 

Total 

population 

to lose 

supply 

based on 

APR 

Total 

population that 

is saved from 

supply loss due 

to APR 

scenario 

0.389 tonnes / capita 3823000 1487147 

tonnes 
509041 688686 4897 3732 1164 

Table 17: The table shows the Food supply quantity per capita as described in FAO statistics for Greece in year 

2015. Further estimations are made given the total population of the region and the production estimated at the 

beginning and end of the simulation for both scenarios. 
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Figure 4: Total production loss per hectare for the BAU scenario. The total production is the weighted sum of all 

12 crops selected for this study (Barley, Cotton, crops NES, Fodder crops, Maize, Olives, Other cereals, Potato & 

sweet potato, pulses, sugar beet, vegetables, Wheat). Areas with values higher than 1.5 tones/hectares are considered 

valuable agricultural areas for the research areas as they indicate both high yield and harvested area. 
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Figure 5: Total production loss per hectare for the APR scenario. The total production is the weighted sum of all 12 

crops selected for this study (Barley, Cotton, crops NES, Fodder crops, Maize, Olives, Other cereals, Potato & sweet 

potato, pulses, sugar beet, vegetables, Wheat). Areas with values higher than 1.5 tones/hectares are considered 

valuable agricultural areas for the research areas as they indicate both high yield and harvested area. 
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Figure 6: Total harvested area of 12 selected crops (Barley, Cotton, crops NES, Fodder crops, Maize, Olives, Other 

cereals, Potato & sweet potato, pulses, sugar beet, vegetables, Wheat) in the research area over the simulation time 

period.   

 

 

Figure 7: Yearly loss of total harvested area for 12 crops (Barley, Cotton, crops NES, Fodder crops, Maize, Olives, 

Other cereals, Potato & sweet potato, pulses, sugar beet, vegetables, Wheat) in the research area over the simulation 

time. 
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Figure 8: Weighted sum of total production in tonnes for 12 crops (Barley, Cotton, crops NES, Fodder crops, Maize, 

Olives, Other cereals, Potato & sweet potato, pulses, sugar beet, vegetables, Wheat) in the research area over the 

simulation time. 

 

 

Figure 9: Yearly weighted sum production loss for 12 crops in tonnnes (Barley, Cotton, crops NES, Fodder crops, 

Maize, Olives, Other cereals, Potato & sweet potato, pulses, sugar beet, vegetables, Wheat) in the research area 

over the simulation time. 
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Figure 10: The bar chart shows the mean harvested area loss per year for both scenarios in ha. 

 

Figure 11: The bar chart shows the mean production loss per year for both scenarios in tonnes. 
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4.4 Limitations and drawbacks for discussion 
Data and preprocessing played a defining role in modelling urban growth using SLEUTH and 

then assess its impact on the crop production of 12 different crop products for two scenarios of 

change. For the input data of SLEUTH, four different datasets were used for the urban, excluded 

and road layers. The selection of different datasets has happened due to lack of consistent spatial 

and temporal data involving the beforementioned layer data requirements of the model’s 

calibration. As a result, the inconsistencies between those four datasets had a negative effect on 

the calibration of SLEUTH and thus in the future simulated outcomes. A way to have a better 

consistency between the input data would be by supervised classification of remote sensing 

imagery or using a preprocessed classified dataset such as the Corine landcover dataset 

(Copernicus,2018). The latter was not used as the GHSL (Corbane et.al., 2018) urban dataset 

has been found to be more precise than Corine in capturing built-up areas on the research area 

than Corine, while it provides temporal data since 1975. Supervised classification of satellite 

imagery could solve this problem and has been used in numerous studies (Chaudhuri & 

Clarke,2014, Cui et.al., 2019, Gounaridis et.al., 2018), but would require a considerable amount 

of time to derive accurate classified data for different time periods. Including more time periods 

in the calibration phase, for the urban, exclusion and road layers could improve the predictive 

accuracy of the model, as those are basically related with the simulated growth.  

For the selection of crop related data, the GAEZv4, 2015 (Frolking et.al, 2020) dataset was 

selected, which uses FAO statistics, landcover, topographic and other data to spatially 

aggregate harvested area and yield values of 26 crops in 5-arcminuted global gridded layers. 

This selection was made due to lack of regional spatial and temporal crop data. A drawback 

found in this dataset, was that certain coastal areas were completely missing yield and harvested 

area data 

After examining the data, 12 out of the 26 crop classes included in the GAEZv4 dataset, were 

selected for this study as they were present in regional statistics too (Hellenic Statistical 

Authority, 2015). The total harvested area was computed by simply merging the harvested area 

values of all 12 crops into a single layer. Given the individual yield and harvested area values 

for each crop is known in the dataset, the weighted total production of all crops was computed 

into a single layer. Using the weighted total value for the production, does provide a holistic 

view of the total production of those crops together and provides spatial information on areas 

with high production values in the region, but cannot reveal individual information of each 

crop. To counter this problem, using the GAEZv4 data, every crop production layer of the 12 

crop classes should be assessed independently. To be able to monitor crops at a regional level 

with better results, data of higher spatial and temporal resolution are needed. An example is the 

crop-type map of the Netherlands, published by ESA (ESA,2017). 

For the reasons mentioned before, the impact assessment of potential urban growth on crop 

production lacks of accuracy in certain aspects and therefore it can only be considered as an 

indication of potential loss. Yield is not possible to remain stable for a 35-year span, as it is 

highly dependent on methods used for growing and harvesting crops, agroclimatic and 

environmental parameters. Furthermore, aggregating the 5-arcminute values of harvested area 

into hectares was necessary for simulating cell by cell changes using SLEUTH’s outputs. By 

resampling the data into 100 m grid cell, each grid inside a 5-arcminute area was assigned with 

equally distributed per-hectare (100m*100m) values for yield and harvested area. This does not 

allow the spatial allocation of those crops at a regional scale of analysis with high spatial 

resolution.  Last but not least, production loss is not validated due to lack of crop data and 

therefore the results should only be examined based on the impact of different policy 

implementations. 
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5 Conclusion 
The main research question for this study was formulated as it follows: 

“What is the impact of future urban growth in the Attica region up to 2050 on the potential 

total production of different crops under two scenarios of change: a business-as-usual scenario 

(BAU) and an agriculture preservation scenario (APR)?” 

Concluding on this research results, urban growth in Attica region is expected to continue at a 

high rate for both scenarios of change. In comparison to the past observed change between 1975 

and 2015 the simulated by the model urban growth indicated 82% more growth for the BAU 

scenario and 46% more growth for the APR between 2015 and 2050. The impact of urban 

growth in the potential total crop production of 12 selected crops for the BAU scenario was 

about 2% higher than in the APR in comparison to the total amount of production for the year 

2015.The results of this study indicate that by implementing zoning and protection strategies in 

the APR scenario, potential production loss of 4597.9 tonnes for the 12 selected crops can be 

avoided and valuable peri-urban space of 453 ha of harvested area can be conserved for 

agricultural activities instead of urban expansion. Accordingly, it is estimated that 1164 people 

will not lose their food supply by 2050. In comparison to the BAU scenario, the APR scenario 

conserved 24% more harvested area and saved 26 % more production. The results indicated 

that the western and eastern parts of Attica region are affected more by urban growth as they 

concentrate high production values for the 12 crops selected. Therefore, it is suggested that 

those areas must be considered carefully in future plans of urban expansion by  goverment 

authorities. 

The first sub-question was formulated as it follows:  

“What are the drivers of change and how can spatial strategies and policies be integrated into 

an UGM?” 

The drivers of change for urban growth were related with the best-fit, growth coefficients of 

SLEUTH’s model, that derived from the calibration with historic data and the exclusion layers, 

which acted as policy layers for the UGM. The diffusion coefficient of 40 % indicates the 

probability of newly created urban areas detached from existing urban centers. The low breed 

of 1% on the other hand, shows that those newly detached urban areas will probably not expand 

much further. The spread coefficient of 8% shows that existing urban areas are expected to have 

some expansion on their edges. The low road gravity coefficient shows that roads will not 

attract much growth, while the slope resistance of 23% indicates that urban growth o steeper 

slopes is more unlikely to occur than on flat surfaces. The exclusion layers of SLEUTH are 

used to integrate different policies and measures for the two scenarios of change into the UGM. 

The BAU scenario represents growth based on past trends and is partially related with the 

former Master Plan of Athens, while the APR scenario represents growth based on the new 

Master Plan of Athens together with zoning criteria for controlling growth and protecting 

agricultural areas. In the BAU scenario, resistance to urbanization values were applied on 

landcover classes to protect forests and natural areas while agricultural areas received no 

protection at all. The development of this scenarios was based Article 11, Law 1515/1985 

(Greek Government, 1985), which indicates that natural protected and forest areas are fully 

protected. On the APR scenario agricultural areas were assigned with resistance to urbanization 

values and a zoning policy was implemented, which completely or partially prevented growth. 

The APR scenario was based on Law 4277/2014 (Greek government, 2014), which promotes 

the compact city approach and  for protection of peri-urban space and related activities such as 

agricultural. 
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The second sub-question was formulated as it follows:  

“What measures can be taken to protect and enhance peri-urban agriculture?” 

In this study measures to protect peri-urban agriculture are associated with spatial interventions 

in the peri-urban space. Those are usually related with changing the existing land use zoning 

systems, creating green corridors, developing sustainable activities, promoting the awareness 

of ecosystem services and their protection and others (Spyra et.al 2021). The APR scenario 

implements a zoning system based on the study of Huang et.al 2008. Zoning systems have 

different forms and functions depending on the area of application and the scale of analysis and 

they have been used in many cases to protect and enhance agricultural areas and related 

activities (Sarker et.al.2019). For the APR scenario two zones of 1 and 2 km were created. 

Areas inside of 1 km distance from existing urban centers had no restrictions, while areas 

between 1 and 2 km were assigned with 50% resistance to urbanization values. Areas above 

2km distance from existing urban centers were completely excluded from urbanization. 

Furthermore, agricultural areas have been assigned with increased resistance to urbanization 

values in this scenario. The results indicated that although the APR scenario successfully 

prevented growth in certain agricultural areas due to the increased resistance to urbanization 

values, the growth patterns did not change significantly from the BAU scenario. This is an 

indication that the zoning system used in the APR scenario for this study case does not apply 

well enough to become a pattern breaking intervention, but still has positive effect in completely 

preventing diffusive growth and preserve harvested area and production. In addition to the 

measures applied in this study, several densification, regeneration and containment 

interventions are discussed in chapter 2.3 such as the “Huerta de Valencia Spatial Plan” (2018) 

in Spain, which enhanced the protection of traditional vegetable production areas by combining 

the protection of rural areas in plans, with support for agricultural activities. 

Peri-urban space and agriculture is gaining more attention all over the world and its importance 

in sustainable development is mentioned (Wynne et. al 2016). As alternative ways to organize 

and use peri-urban space, such as peri-urban agriculture, are implemented more frequently, 

evidence show that those interventions usually contribute positively in the local and regional 

development when considered in the decision making and planning processes.  
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Appendix A (Preprocessing of SLEUTH and crop data)  
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Appendix B (Evaluation of SLEUTH’s performance) 
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Appendix C (Simulation results and impact assessment) 
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